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Abstract: The study of how financial markets behave continues to be interesting. The existence of
more and more data and the development of statistical techniques are some reasons for the increase in
research in finance. However, the difficulty in understanding some markets’ behavior is a continuous
challenge. In this context, a new research area called Econophysics has emerged, which is constantly
increasing in size. We propose in this work to use methodologies related to Econophysics to analyze
one stock index composed of firms producing clean energy (S&P Global Clean Energy Index) and
compare it with the New York Stock Exchange (NYSE) as a stock market benchmark and with the
price of crude oil. In a context where environmental issues are on the agenda, this is an important
area of research, because it could help investors to make their decisions. Our results show that the
clean energy index seems to have higher time serial dependence than the others, and is less exposed
to oil price than the NYSE.
Keywords: correlation coefficient; detrended cross-correlation analysis; detrended fluctuation
analysis; econophysics; efficiency
1. Introduction
The study of how financial markets behave is not new in the financial literature. At least since
the seminal work of [1], researchers have tried to explain how these markets evolve. Later in that
century, [2,3] revolutionized the study of finance by identifying the efficient market hypothesis (EMH),
which in its weak form (i.e., when agents consider the information set of historical prices) states that
asset prices are expected to follow a random walk, meaning return rates should not suffer from any
kind of serial dependence (hereafter, we refer only to dependence to identify this feature). Since the
work of Fama, researchers have tried to confirm the existence or not of market efficiency. The use of
different methodologies, spatial and time samples and the increasing amount of data mean there is a
vast amount of research.
The huge amount of data drew the attention of a particular audience of researchers. Statistical
physicists started to manage and study financial data, creating an interdisciplinary research area called
Econophysics (see [4–7] for recent reviews). The use of detrended fluctuation analysis (DFA) and
detrended cross-correlation analysis (DCCA) come under this research area and will be used here. DFA
is used to analyze the dependence pattern of a given time series, and is usually identified as a way to
study the efficiency level of financial markets.
While DFA analyzes the behavior of individual time series, DCCA (and its correlation coefficient)
is applied to analyze long-range correlations between different time series. The objective is to identify
the connectivity in markets, studying how they relate to each other.
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In this work, we propose to analyze the S&P Clean Energy Index, an index composed of companies
doing business related to clean energy. Particularly, we will use DFA to analyze the dependence pattern
of the time series of that index, comparing it with the New York Stock Exchange (NYSE) index, treated
as a benchmark for stock indices, and with crude oil, which is a crucial commodity and could be
considered as a substitute for clean energy. Furthermore, we will use the DCCA correlation coefficient
to analyze the cross-correlation between the clean energy index and the other two variables analyzed.
Firstly, the objective is to evaluate the degree of efficiency of these indices. Since we will use a sliding
windows approach, we can also evaluate how that efficiency evolved over time. Secondly, with DCCA,
we want to evaluate how these assets relate to each other. This could be important, as it could identify
some kind of exposure between these markets.
The inclusion of an index representing a set of firms which produce clean energy is interesting in
several ways. Firstly, individual analysis could give information about the profitability of this kind
of investment. Secondly, the analysis of correlation between that and other indices could reveal the
existence (or not) of connections between markets, which could also be important for existent and
potential investors. Finally, and as environmental issues appear every day in the news and political
speeches, information about this kind of asset could be important for actual and potential investors,
with possible consequences for the attractiveness of that particular sector.
Our main results show that the clean energy index seems to be less efficient than the other indices.
Moreover, over time it seems that the level of efficiency decreased. Finally, the results also show that
the index is more related to the NYSE than to crude oil.
The remainder of the work is organized as follows: Section 2 presents the data and the methodology.
Section 3 presents the results, and Section 4 concludes.
2. A Literature Review on the Efficient Market Hypothesis (EMH)
As previously stated, the analysis of financial markets is not a new issue, with [1] analyzing the
evolution of French government bonds, concluding on their randomness. Over time, several other
studies corroborated the possibility of asset prices being generated by random walk processes (see,
for example, [8–13], among others). In general, these studies analyze the efficiency of asset prices
considering the existence or not of time serial dependence, and find that the generating processes are
independent and identically distributed (iid). However, some studies identify the existence of some
issues called stylized facts. For example, [14] first identified that return rates are leptokurtic, while [15]
concluded on the existence of volatility clustering. Other stylized facts are found and surveyed, for
example, by [16,17].
Considering the existence of several analyses, [3] made a revision of both the theoretical and
empirical literature devoted to the particular analysis of asset prices, identifying an efficient market as
one “[ . . . ]in which prices always ‘fully reflect’ available information [ . . . ]’” [3] (p. 383). Identifying
three different forms of market efficiency (weak, semi-strong and strong), what is relevant for the
analysis proposed in this paper is the weak form, which states that no-one can obtain abnormal profits
using past information on the prices of a given asset. This hypothesis, known in the literature as the
efficient market hypothesis (EMH), implies that it is not possible to predict any future pattern of prices
using past information, and is the basis of several theoretical models in finance.
There is a very extensive body of analysis on the efficiency of financial markets in several different
markets (countries and regions) and methodologies (linear and non-linear), which prevents a complete
review of the topic. The studies by [18,19] make relatively extensive reviews about the verification
or not of EMH in financial markets in general. The appearance of new financial instruments, for
example cryptocurrencies, means that particular financial assets have their own body of literature. For
example, [20] reviews the EMH for this particular market. In this paper, we do not refer to any other
study of this type, because our analysis does not concern cryptocurrencies.
The reviews of [18,19] corroborate an earlier finding of [21], which stated that the use of different
methodologies and samples makes the analysis of EMH sensitive. Moreover, several prior studies
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adopted mainly linear approaches under the assumption that serial dependence could be analyzed with
simple autocorrelation functions. However, as stated by [22], it is possible that linear methodologies do
not detect some types of dependence, and in this context, the use of those methodologies is not enough
to detect the possible violation of EMH in financial markets. However, at the same time, the evidence
of non-linearities should also imply caution in drawing conclusions, because these non-linearities
could also exist without implying rejection of EMH (see, for example, [23,24], for deeper discussions).
One of the assumptions of the EMH is that market agents are rational. Recently, the view that prices
could change based on non-rational individual or group reactions has made authors include other
possible variables in theoretical models in finance, including complementing analysis with other social
sciences (see, for example, the field of behavioral finance in [25]).
Despite contradictory results concerning verification of the EMH, it is crucial to note that even
identifying that data could be generated by non-random processes, no work has been able to prove that
the existence of dependence of any type (linear, non-linear, serial or other) implies market participants
could gain abnormal returns in financial markets, and so rejecting the EMH.
Because of the contradictory results in the EMH literature, [26] suggested that “one new direction
is to treat the EMH as an idealization that provides a useful reference point. For example, one can
ask about the relative efficiency of markets with respect to each other” (p. 9992). In a certain way, the
approach used in this paper follows this perspective. As we focus on the analysis of the S&P Clean
Energy Index, which as we can notice has no previous analysis, we do not present empirical work on it.
For the relevant methodologies, we present evidence of the previous literature in the next section.
3. Materials and Methods
As previously mentioned, we want to analyze a specific stock index, which includes only shares
of firms which produce clean energy. The analysis is made using Econophysics techniques, namely, the
detrended fluctuation analysis (DFA) and the detrended cross-correlation analysis (DCCA). With DFA,
we will analyze the serial dependence of that index, comparing it with the behavior of the NYSE index
and the price of crude oil.
Created by [27] in order to analyze DNA behavior, DFA was then extended to other research areas,
including finance, with prior studies such as the ones in [28–31]. The literature about the application of
DFA to financial markets has increased greatly, with the studies in [32–37] being just some examples
of applications of DFA or its developments, including some of the financial markets studied in this
paper. The DFA is calculated as follows: considering a given time series xt with length N, it starts by




(xi− < x >), (1)
with 〈x〉 being the mean value of the original time series. Xt is then divided in time windows of length
n, where the local trend is calculated using ordinary least squares (X̃t). After this, Equation (1) is











Repeating the process for any window size of dimension n, it is possible to calculate the log-log
regression between F(n) and n, with the results being a power-law equal to F(n) ∝ nα. The α exponent
is a Hurst exponent with the following interpretation: if α = 0.5, the time series is described by a
random walk, meaning that the given financial series could be considered as efficient; for 0.5 < α < 1,
the time series has a persistent behavior (positive long-range dependence), while for α < 0.5, it has an
anti-persistent behavior (negative long-range dependence).
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DFA will be used for the whole sample under analysis, identifying the pattern of dependence, but
also with a rolling windows approach, with a size window of n = 1000. This approach allows us to
analyze the evolution of the serial dependence over time (see the work in [38–41] for examples of this
application). With the various Hurst exponents obtained from the sliding windows approach, we will
calculate the efficiency index (EI) defined by [42] to compare the degree of efficiency of the different









In Equation (3), Mi represents each estimated DFA exponent, M* is equal to 0.5 (the expected
value for efficiency in DFA), and Ri is equal to 1 (the range of the DFA exponent). With the value of the
EI for each time series, it is possible to compare the degree of efficiency, the most efficient variable
having the lowest EI.
Besides DFA, we will use the DCCA and the respective correlation coefficient (ρDCCA) to analyze
how the S&P Global Clean Energy Index is correlated with the NYSE and oil price. DCCA measures
the long range correlation between two different variables, was introduced in the literature by [43], and
has some similarities with the DFA. So, starting from the original time series Xt and Yt, the first step of
the DCCA is also integration of the time series, as described in Equation (1). Series are equally divided
into time windows of length n and detrended with the same procedure, with the trend calculated by






(xk − x̃k)(yk − ỹk), (4)







After repeating for all length boxes, the DCCA exponent is obtained, given by a power law.
In order to quantify the degree of the relationship between the studied pairs of time series, we use the





This is an efficient coefficient according to [45,46], and besides its use in different research areas
(see the work of [47–49]), such as other Econophysics methodologies, it has applications in finance.
For this purpose, see the work in [50–54], among many others. We use the procedure of [55] to test the
significance of the correlation levels.
As stated, we analyze the behavior of two different stock indices (the S&P Global Clean Energy
Index and the NYSE composite index) and the WTI (West Texas Intermediate) crude oil price. The
variables are transformed in return rates using the difference of logarithms on consecutive days, i.e.,
rt = ln(pt) − ln(pt−1), where r refers to the return rate, p the price of the asset considered, and t the
moment of the analysis. The sample goes from 21st November 2003 to 12th April 2019 in a total of 4015
return rates. All the data were retrieved from Datastream, with the sample starting on the date of the
first available observation for the S&P Global Clean Energy Index.
As previously mentioned, this paper is a kind of case study using a clean energy stock index,
with it being difficult to compare the results with previous studies, due to the absence of previous
analysis of this kind of financial variable. Previously, [56] analyzed stocks from renewable energy
companies, based also on the DCCA correlation coefficient, but aiming to identify possibilities for
portfolio diversification using those assets.
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4. Results
Firstly, we used the DFA to estimate the Hurst exponent, identified in Table 1. For the sample
under analysis, the S&P Global Clean Energy Index seems to be the most efficient, since it is closer to
the 0.5 level. It is closely followed by the NYSE and then by the WTI oil price.
Table 1. Detrended fluctuation analysis (DFA) exponents for the whole sample.
Asset DFA Exponent
S&P Global Clean Energy Index 0.5124 ± 0.0041
New York Stock Exchange (NYSE) Composite Index 0.5178 ± 0.0079
West Texas Intermediate (WTI) crude oil price 0.4788 ± 0.0093
The DFA exponents presented in Table 1 refer to the whole sample, but it would be interesting to
evaluate their evolution, assessing if, over time, the variables studied have been more or less efficient.
This evaluation is made using the DFA sliding windows, with the results in Figure 1.
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Figure 1. Evolution of the DFA exponents over time.
Figure 1 shows that the NYSE is the index with results more centered on the 0.5 level. The Clean
Energy Index shows a constant persistent pattern, although with a change in the behavior of the DFA
exponent: until 2013 the value was relatively stable, a little over 0.5, but since then it has increased
slightly. Finally, the result for crude oil maintains an anti-persistent pattern throughout the sample.
Applying the efficiency index, with the results presented in Table 2, and based on consecutive windows
of sample n = 1000, the NYSE shows the most efficient performance (having the lowest value). S&P
Global Clean Energy shows the opposite result.
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Table 2. Efficiency index of [42].
Asset DFA Exponent
S&P Global Clean Energy Index 0.0036
NYSE Composite Index 0.0008
WTI crude oil price 0.0019
Besides analyzing the individual pattern of each series, we want to analyze the correlations
between the different indices, with the DCCA correlation coefficient. The results presented in Figure 2
show that all the coefficients are statistically significant, since they are outside the upper limit. However,
the highest correlation is between S&P Clean Energy and the NYSE, followed by the correlation between
NYSE and the crude oil price, and finally the correlation between the Clean Energy Index and the
crude oil price. The results show that Clean Energy is less exposed to crude oil, which is expected,
because they are substitute sources of energy. Nevertheless, it is closely related to the NYSE Index.
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5. Discussion and Concluding Remarks
In this work, we apply Econophysics techniques to study the behavior of three different financial
time series: the S&P Clean Energy Index, the NYSE composite index, and crude oil price. Firstly, we
apply detrended fluctuation analysis, which allows two different analyses: how each of those assets
behaves in terms of serial dependence, and how that dependence evolves over time (since we apply a
sliding windows approach). Then, the correlation coefficients from the detrended cross-correlation
analysis are calculated to compare how those assets correlate with each other.
The results of this work demonstrate firstly that the S&P Clean Energy Index seems to be less
efficient than the general NYSE composite index and also than the crude oil price. This conclusion is
drawn considering the efficiency index and evolution of the DFA exponents, which show persistent
levels during almost all the sample, without decreasing over time. These particular results are very
interesting and could be used by investors. As the possible inefficiency could give some information
about the predictability of the assets’ behavior, it could make it more interesting for investors to focus
on this particular market.
When assessing the correlation between the financial assets analyzed, the results show that the
clean energy index is strongly related to the NYSE but is less connected with oil than the NYSE index.
These results may not be surprising, not only beca se th y show th relationship with the general
index, but also due to showing some segmentation from the results of crude oil. Moreover, in the long
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run (higher scales), the correlation is almost non-significant. This reduced connection shows that the
factors influencing both sectors are different.
Nowadays, environmental activity is recognized not only because of its crucial role in the demand
for sustainable development, but also as a possibly profitable activity. So, the closer connection with
the NYSE could be considered natural. Regarding the connection with crude oil, although significant,
the results are lower. This is in line with [56], who conclude that investing in portfolio assets from
firms producing energy from alternative sources could be a good diversification strategy.
Globally, despite the interesting results, there is still room to continue to study the same kind of
variables in the future. On the one hand, one possible explanation for the reduced efficiency levels
when compared with the NYSE or with oil could be the fact that some components of the clean energy
index are new firms and/or recently listed. The assets incorporated in the index could have reduced
liquidity levels, when compared with more mature markets. Features like liquidity or firm size could be
relevant in firms’ individual results (see, for example, [34,57]) and could be included in future research.
On the other hand, with the constant concerns about the environment and continuous evolution of the
market raising interest in this kind of investment, it is expected that efficiency levels could improve
in the near future. There is confirmation that the development of social responsibility in firms could
have a positive impact on stock markets’ financial performance (see, for example, [58]). This linkage
between corporate social responsibility and financial performance could also be studied in the future.
This cannot be analyzed directly in this paper, since we use index data rather than individual data.
This is one limitation of the study, which could be remedied in future research.
In conclusion, the possible attractiveness of the clean energy market could mean more money
being directed to that sector, with firm managers having more possibilities for investing in strategies to
make energy production more efficient. In the long term, this could produce major benefits for the
environment and society as a whole. This is relevant for potential investors but could also be important
for policy-makers, who could use this kind of information to promote the necessary policies to reach
sustainable development objectives.
Finally, and based on the results, we would like to end with a clarification. Although we find
that some of the indices/assets studied are more linked with a possible inefficient pattern, because the
evidence of dependence is higher, this is not proof that those dependences imply some capacity of
predictability in financial assets. In line with [59], we should exercise caution when analyzing the
results, so when talking about efficiency, we intend to do so qualitatively. Nevertheless, it is still
important to study financial market dependence, because these issues remain important for actual and
potential investors, this being also a task for future research.
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